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Abstract 
This paper describes techniques to manage the quality-of-data (QoD), particularly in telemedicine systems. Hence, clinical data 
users, such as clinical decision support systems that support ‘real-time’ guidance of ambulatory patients, can process the data 
together with QoD in order to make the ‘best’ treatment decisions. Current information and communication technology (ICT) 
applied in telemedicine systems enables remote clinical data collection and delivery to the point of decision, thereby giving 
opportunities to develop new, pervasive, healthcare applications. However, the QoD in such distributed and decentralized 
environments is not always guaranteed. We propose QoD management techniques that take into account the multidimensionality 
of QoD and its ‘fitness for use’. Additionally, we present a technique that handles the quality of ‘real-time’ streaming data. We 
developed a telemedicine system prototype to investigate the applicability and the usefulness of the proposed techniques.    
© 2014 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Program Chairs. 
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1. Introduction 
Clinical data is sensed, communicated and processed by information and communication technology (ICT) in 
order to derive information about the patient’s condition and make treatment decisions. For instance, evidence-based 
medicine provides therapeutic decisions based on clinical knowledge (e.g. clinical guidelines) and patient-related 
clinical abstractions, which are high-level context-dependent clinical interpretations of the clinical data1. Current 
ICT enables ubiquitous data availability, which has opened up new opportunities in healthcare. However, the 
Quality-of-Data (QoD) is as important as the data, since the data may not be useful if its quality does not fulfil the 
user requirements. Several studies refer to the negative impact of “low” QoD in, for example, decision support 
systems2,3,4 and the existing literature on QoD in healthcare has focused primarily on assessing the QoD in medical 
registries3,4,5. Yet, few studies address how to assess and manage QoD in healthcare context, especially in ‘real-time’ 
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for rapid clinical response required by telemedicine patient guidance systems. Although the distinction between data 
and information is often made, in practice, managers differentiate data and information intuitively and describe 
information as processed data6. In this paper, we will use the term data for both raw clinical data at the point of 
monitoring and processed clinical data at the point of decision, as the distinction is less relevant for our discussion.  
In this paper, we describe QoD assessment and management techniques applied in telemedicine systems to 
provide useful information to the user, e.g. clinical decision support systems for patient guidance. The rest of the 
paper is organized as follows. Section 2 presents the QoD dimensions selected in our study. Section 3 presents QoD 
management techniques and Section 4 demonstrates their application in the MobiGuide (MG) telemedicine system 
prototype7. Section 5 closes the paper with conclusions of the obtained results and our contribution. 
2. Quality-of-Data Dimensions  
QoD is a multidimensional concept and although there is not a clear definition of it, we look into QoD from the 
user’s perspective by following Wang et al. definition8: data quality is ‘data that are fit for use by data consumers’ 
and data quality dimension is ‘a set of data quality attributes that represent a single aspect of data quality’. This is 
aligned to the term ‘fitness for use’, which stresses that data quality is relative to its usage8.  Hence, in the context of 
healthcare, ‘best’ QoD refers to the clinical data that fulfils ‘best’ the user quality requirements, i.e. the medical 
quality requirements, and QoD grades determine to which extent the data fulfills these medical quality requirements 
(see Section 2.2 – stratification model).  
Studies have shown that there are multiple QoD dimensions that represent different aspects of QoD but the 
terminology used and its interpretation varies across different studies6,8,9,10,11. Wang et al. present three possible 
approaches to study QoD dimensions: intuitive, theoretical, and empirical8. The intuitive approach selects the 
‘important’ QoD dimensions based on researchers’ experience or intuitive understanding in a specific domain. The 
theoretical approach focuses on those attributes of data quality which present the deficiency of the data during the 
data manufacturing process, i.e. inconsistencies between a real-world view inferred from an information system and 
the view that can be obtained by directly observing the real-word9. However, none of these approaches capture 
attributes that are important to data consumers. The empirical approach analyses data from data consumers’ point of 
view in order to determine the characteristics they use to assess whether data is ‘fit for use’.  
Most studies apply the intuitive approach8, but it may not guarantee that all the QoD requirements of the user are 
supported. Each of these approaches has its advantages in telemedicine domain. Initially, it is essential to study the 
commonly used QoD dimensions in healthcare to have an overview of previous studies. Then, we need to study 
QoD dimensions that are able to cover possible data inconsistencies that a telemedicine system could provide when 
compared to real-world data. Lastly, we have to consider data consumer’s necessities. Hence, we conclude that to 
get the ‘right’ QoD dimensions it is necessary to combine these three approaches. First, we applied the intuitive 
approach. As researchers, we studied the commonly used QoD dimensions in computer science and 
healthcare3,4,5,10,11,12,13. The three most commonly mentioned QoD dimensions are accuracy (or correctness), 
dependability (or completeness) and timeliness (or currency)5,13. However, cost and quality-of-evidence 
(QoEvidence) were also described in relevant healthcare studies11,12. Secondly, we applied the theoretical approach, 
from which we got the same QoD dimensions (i.e. accuracy, dependability and timeliness), since these describe best 
the inconsistencies between the real world phenomena and the data obtained from the ICT resources. Finally, we 
applied the empirical approach to identify the dimensions of QoD that are important to data consumers, i.e. 
healthcare domain experts. In this case we conducted semi-structured interviews with medical practitioners taking 
part in the MobiGuide (MG) study by using the scenario-based approach1. They were capable of understanding and 
specifying clinical data quality requirements, including the QoD dimensions required to fulfil clinical data quality 
aspects for telemedicine systems. As a result, it was agreed to adopt the following five QoD dimensions: 
Accuracy, Timeliness, Dependability, Cost, and QoEvidence. These five QoD dimensions also cover other 
similar quality dimensions (e.g. currency or delay under timeliness). Additionally, by limiting ourselves to these five 
QoD dimensions we do not overwhelm the users with unnecessary QoD information. Notice that none of the quality 
dimensions is independent of the others. Therefore, there is a tradeoff between different QoD dimensions, as also 
discussed in10,12. Table 1 presents the mapping interpretation between the selected QoD dimensions and other 
proposed QoD dimensions from literature.  
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Table 1. Mapping between selected QoD dimensions and QoD dimensions from literature studies 
Literature Study Accuracy Dependability Timeliness Cost  QoEvidence 
Wand and Wang9 Accuracy 
Consistency 
Precision 
Completeness  
Reliability 
Timeliness 
Currency 
 
 Reliability 
Scannapieco et al.10  Accuracy 
  
Completeness  Currency 
Timeliness 
Volatility  
   
Widya et al.12  Availability Freshness Cost  
Endler et al.13 Correctness  Completeness Currency   
Shin14  Accuracy 
Granularity  
Soundness  
Info loss  Synchronization   Patient 
Authentication  
Ballou15  Accuracy 
Consistency 
Completeness Timeliness Cost   
 
x Accuracy 
There is no unique definition for accuracy. We define it as the degree of correctness at which a relevant 
phenomenon is represented by the data. Accordingly, our definition is closely related with correctness9,13. In our 
study, inaccuracy implies that the data represents the real-world phenomena different from the real-world (which is 
what should be represented). We also relate accuracy to consistency, stability, and physiological and contextual 
soundness. The latter indicates whether data is in a logical range and coherent with the known probability 
distribution.  For example, if the signal of the monitored heart rate data is noisy due to motion artefacts, the accuracy 
of that data will be ‘poor’. 
x Timeliness  
As discussed by Scannapieco et al.10 an important aspect of the data is how often they vary in time from three 
points of view: currency (how promptly data are updated), volatility (frequency data vary in time) and timeliness 
(usefulness of the data based on how late for a specific usage). Similarly, Wand et al.9 address three factors that 
affect timeliness: how fast the information system state is updated after relevant changes in the real-world (system 
currency); the rate at which changes happen in the real-world (volatility); and the time or moment the data is used by 
the user. All these time aspects, which we will refer as ‘timeliness’, are addressed in our study. For example, the 
Blood Pressure (BP) data may contain a significant delay (e.g. 3 hours) due to poor Bluetooth connection for the 
specific guidance (e.g. to recommend a pill), leading to ‘poor’ timeliness.       
x Dependability 
We define dependability as the degree of certainty that the data can be used to make meaningful decisions 
regardless of speed or accuracy. Accordingly, we relate it to completeness, reliability and accessibility. 
Completeness is one of the most common quality dimensions in the literature9,13. In some studies completeness 
refers to data availability or absence of missing data12, which is in alignment with our definition of dependability. 
Reliability, extensively mentioned in literature9, is linked to three factors: the probability of preventing errors or 
failures; the consistency and dependability of the output information; and how well data ranks in relation to accepted 
characteristics. Accessibility4,8 represents how accessible is the data to the data consumers. An example of ‘poor’ 
dependability is when it is not possible to measure BP data due to device unavailability caused by low battery or 
even by missing data in a streaming data such as ECG..     
x Cost 
We define cost as the amount of money required to acquire data for the decision-making process. Cost is a 
quality dimension that is not often addressed in QoD literature studies, but it is an important QoD dimension since it 
may affect other QoD dimensions, such as timeliness. Ballou and Pazer study the tradeoff between cost and other 
QoD dimensions (see Table 1) and found that ‘in a majority of the cases the best solution in terms of error rate is 
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the worst in terms of cost’ 15. In our approach, we include cost as the fourth QoD dimension. While conducting the 
semi-structured interviews (empirical approach), medical practitioners agreed on the significance of cost in 
telemedicine systems, since the data itself carries certain costs (e.g. data transmission cost) that can influence the 
treatment guidance. For example, if the patient needs to pay more for roaming data, the roaming option may not be 
chosen by the user and the data is not transmitted immediately, implying additional data delay; otherwise, the data 
can be transmitted immediately with low delay, at the expense of extra cost.  
x Quality-of-Evidence 
QoEvidence is defined as the degree to which the data conforms to guidelines and rules of 
certification/legislation bodies and evidence based medicine11. This is closely related to three aspects: data 
authenticity16, defined as the authentication mechanisms adopted to guarantee data provenance (e.g. device used for 
the measurement); reliability9, which is related to the nature of data production (e.g. external conditions during the 
measurement); and patient authentication14, since the patient can be the data source, and so, the subject of the data. 
For example, a ‘poor’ QoEvidence is defined when the BP device does not hold the CE certificate that guarantees 
high quality standards; or if the BP entry is performed manually by a patient with low medical skills.     
3. Quality-of-Data Management Techniques 
In this section we introduce three QoD management techniques for telemedicine systems. First, we recapitulate 
the stratification model for QoD computation presented in our previous studies1,17. Then, we introduce a technique 
for overall QoD computation. Finally, we present a technique for temporal abstraction of QoD, focused on 
streaming data QoD.    
3.1. Stratification Model 
We calculate scalar values for each QoD dimensions (e.g. Accuracy = 95%) based on ICT resources information, 
i.e. quality of service (QoS), by using the computational models described in our earlier study17. However, the 
usability (‘fitness for use’) of a QoD dimension and its valuation depend on data usage and context. In our study, 
which is validated by medical practitioners, we evaluate QoD dimensions according to four possible grades: “High” 
(H), “Medium” (M), “Low” (L) and “Very Low” (VL). This approach follows the GRADE study11, which uses 
these grades to assess whether the applied therapy has enough evidence.  
Through semi-structured interviews we challenged medical practitioners involved in this study to determine the 
mapping of scalar values into QoD grades for each QoD dimension and for each treatment context by using scenario 
based approach1,17. As a result, different QoD grades will correspond to different ranges of QoD dimension scalar 
values (e.g. VL may correspond to range [0%, 69.9%]). Notice that this stratification model is different for each 
particular context (e.g. outdoor or indoor physical exercise treatment due to differences in the treatment risk).  
3.2. Overall Quality-of-Data 
A clinical data user (e.g. medical practitioners or decision support system) has to process and interpret each QoD 
dimension grade, denoted as ‘fine grained’ approach. The processing and interpretation of the multi-dimensional 
QoD can be complex for the users. In order to simplify this process we support aggregation of the five QoD 
dimensions described above into one overall QoD, and we refer to this as the ‘coarse grained’ approach. The overall 
QoD assessment requires detailed information about the set of QoD dimensions that play a role. We can use 
different computation functions for overall QoD assessment. Here we describe three pervasive functions addressed 
in Pipino et al.6: weighted average, simple ratio, and min/max.  
Weighted average deals with situations where the QoD dimensions are not equally important. To determine the 
impact of each dimension on the overall QoD assessment, the domain expert (i.e., medical practitioner) involved in 
the QoD management team has to have a good understanding of each QoD dimension in the addressed context for 
which we apply the scenario-based approach1. For example, for atrial fibrillation (AF) diagnosis the 
electrocardiogram (ECG) data must be accurate (e.g. M or H) in order to be usable. Consequently, the weighting 
factor of accuracy is higher (e.g. wa=0.8) than the weighting factors of other dimensions. In contrast, in an 
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ambulatory emergency case, where the ECG data needs to be analyzed immediately, the weight assignment for QoD 
dimensions is different: timeliness weight is higher (e.g. wt=0.5) than accuracy weight (e.g. wa=0.3). Equation (1) 
represents the weighted average function, assuming the sum of the weight factors equals 1 and the valuations of the 
QoD dimensions are normalized (e.g. percentages between 0% and 100%). To compute equation (1) we map each 
grade to a numerical value, ‘equally’ distributed (e.g. VL ↔ 1, L ↔ 2, M ↔ 3, H ↔ 4). The overall QoD will have 
the grade that corresponds to the closest numerical value (e.g. if overall QoD = 3.9~4 (H↔4), grade H). 
Overall QoD = (wa×Accuracy) + (wt×Timeliness) + (wd×Dependability) +  (wc×Cost) + (wq×QoEvidence) (1) 
Simple ratio is a particular case weighted average, where all QoD dimensions are considered equally, i.e. 
assigned the same weight, namely 0.2 (for five dimensions assuming an aggregated weight of 1).  
Max-min prioritizes the QoD dimensions with the largest impact on the treatment. This usually corresponds to the 
QoD dimensions which have the lowest quality grade (e.g. VL). For example, if the patient treatment needs to be 
stopped (strongest/safest recommendation) when Accuracy = VL, the overall QoD will be qualified as VL 
independent of the other QoD dimension grades.  
In MG, medical practitioners opted to implement the max-min function to guarantee that the safest case is always 
designated, i.e. the one with major impact on treatment. To implement the max-min function, medical practitioners, 
supported by QoD experts, first determined the effects of the five QoD dimensions for each of the considered 
medical cases. Secondly, they studied which QoD dimension has the strongest/safest impact in each case, which 
then determine the overall QoD. In the implemented cases the lowest quality grade, VL, has the strongest/safest 
impact on the treatment. For example, in the physical exercise treatment for AF patients, when any one of the QoD 
dimensions is VL, the treatment was required to be ceased. Hence, the overall QoD is VL when any of the QoD 
dimensions is VL. The result can be presented in pseudo code. For example,   
IF (Accuracy=VL OR Timeliness=VL OR Dependability=VL OR Cost=VL OR QoEvidence=VL)  
THEN (overall QoD=VL).  
Both the ‘coarse grained’ and the ‘fine grained’ approaches have their benefits and limitations. With the ‘coarse 
grained’ approach the treatment effects are limited to the overall QoD grades, and the information of the QoD 
dimensions may get lost. However, this approach facilitates QoD management for the user. The ‘fine grained’ 
approach supports five QoD dimensions with 4 grade values for each dimension, which allows for distinguishing 
between a high number of treatment effects (maximum of 54 = 625 possible combinations) but requires a much more 
complex QoD management.  
3.3. Quality-of-Data Temporal Abstraction 
Clinical data is often monitored and processed at ‘high’ sample frequencies by ICT systems. For example, patient 
vital signs, such as Heart Rate (HR), are streaming data monitored at 1 Hz. By default, QoD has the same processing 
rate as the monitored data (e.g. 1 Hz). Data users, such as a Clinical Decision Support System (CDSS), have to 
process (receive and interpret) this data and its quality at the same rate for the decision making process. However, 
QoD may fluctuate per sample, causing potential problems in CDSS decisions. For example, the CDSS may 
confront the patient with continuously alternating clinical recommendations (e.g., in the AF physical exercise 
treatment, the CDSS may send: ‘slow down’, ‘speed up’, ‘slow down’ etc.), showing nervous behavior.  
There are two possibilities to avoid this problem: the QoD user (e.g. CDSS) deals with fluctuating QoD grades by 
determining the clinical recommendations at a fixed interval (e.g. 5 minutes), or the QoD provider deals with QoD 
fluctuations. QoD experts considered the second option best, based on the assessment that this is a QoD task. 
Accordingly, in the implemented MG telemedicine system prototype the QoD Broker, which is QoD provider17, 
applies a temporal abstraction to an observation window of calculated QoD grades. It is possible to apply the 
temporal abstraction to each QoD dimension, and then compute the overall QoD if needed. But in the MG study we 
applied the temporal abstraction to the overall QoD (and not to each QoD dimension) which speeds up the QoD 
management process if we aim to obtain overall QoD information. However, the resulting QoD does not show the 
grades of the each QoD dimensions and this information is lost.  
In the following sections, we often cite QoD when referring to the overall QoD used for the temporal abstraction.  
456   Nekane Larburu et al. /  Procedia Computer Science  63 ( 2015 )  451 – 458 
We provide the steps to derive the temporal abstraction of the overall QoD below: 
x Step 1: Observation Window 
In order to perform the temporal abstraction, we need an observation window that considers at least one QoD 
sample and a maximum of all QoD samples. In order to prioritize ‘urgent’ situations (e.g. samples with “Low” QoD) 
that require a safety action (e.g. ‘stop treatment’), it should be possible to shrink the observation window. To 
implement this dynamic length observation window, the length has to depend on the samples’ QoD grade. 
Accordingly, each QoD grade has a different contribution to the window (number of samples added), which will 
determine the window length. This contribution is determined by care practitioners in collaboration with QoD 
experts. For example, the sample contribution of each QoD grade can be dHigh= 1 sample, dMedium= 0 sample, dLow= - 
0.5 samples and dVery Low = -1 sample. These contributions could be higher (e.g. dHigh= 6 samples) or lower (e.g. dVery 
Low = -3 samples), reflecting the influence of the QoD grades on the time interval (represented by the window length) 
between two consecutive QoD output computations. As shown in equation (2), we compute the observation window 
at sample i (observ_w(i)) by aggregating the contribution of the current QoD (d(i)) to the previous sample’s 
observation window (observ_w(i-1)) and the minimum observation window length is 1 sample.  
¬ ¼))()1(_,1max()(_ idiwobserviwobserv   samples   (2) 
Notice that we can translate this observation window to time by dividing it by the sample frequency (fs). Hence, 
having fs=1 Hz the minimum observation window is 1 second. Notice also that although we compute an observation 
window with each sample, QoD output is not refreshed with each sample (this would defy the goal of temporal 
abstraction). QoD output is first computed after processing the number of samples indicated by the first observation 
window (which must be initialized with some number as shown in Table 2). At this point, which we call QoD output 
‘refreshment point’, the applicable observation window, according to equation (2), determines the next refreshment 
point. This process is repeated as long as necessary. How we compute the QoD output is discussed in the next step. 
x Step 2: QoD Output from Temporal Abstraction  
The QoD output of the samples between two consecutive refreshment points does not vary. In order to compute 
the QoD output at a refreshment point, we consider the overall QoD grades of the samples since the last refreshment 
point and the impact factor (or weight) of each overall QoD grade. The domain experts, i.e. medical practitioners 
assisted by QoD experts, specified the relative weight (W) of each grade. For example, WHigh=0.1, WMedium=0.2, 
WLow=0.3, WVery Low =0.4, usually giving higher significance to lower quality grades for safety reasons. Imagine an 
observation window at a refreshment point with 4 samples (see in Table 2: samples i+1 to i+4) with weight factors 
as mentioned above. The grade that gets the highest score after multiplying the number of samples of each grade by 
each impact factor (H Æ 1×0.1, L Æ 1×0.3 and VL Æ 2×0.4), is the QoD output of this observation window (in the 
example, the  grade with highest score is VL, with score 0.8). The computed QoD output at this new refreshment 
point (in the example, at sample i+4) will be fixed until the next refreshment point and represents a potential QoD 
change from the previous observation window. The user (e.g. CDSS) is informed of this refresh event, and can adapt 
its feedback to the patient accordingly.  
     Table 2. Example of the temporal abstraction table. 
sample grade d (i) observ_w (i) QoD output refresh points 
i High 2 4* High* 
i+1 High 2 5 High 
i+2 Low 0,5 4 High 
i+3 Very Low 0 3 High 
i+4 Very Low 0 2* Very Low* 
i+5 Very Low 0 1 Very Low 
i+6 High 2 2* Very Low* 
i+7 High  2 3 Very Low 
i+8 High 2 4* High* 
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In Table 2 we present an example of the temporal abstraction technique by considering the sample contribution 
and weight contribution of each grade presented in Step 1 and Step 2. The starting point, sample (i), is assumed to be 
a refreshment point which indicates an observation window of 4 samples and a QoD output grade equal to “High”. 
This means that the following 4 samples starting from i will have QoD grade equal to “High”. The next sample that 
has a refreshment (*) is (i+4), which QoD output is calculated by considering QoD grades from sample (i+1) till 
sample (i+4), resulting in “Very Low” output (see example Step 2). In addition, the observation window at sample 
(i+4) determines the length of next interval: ݋ܾݏ݁ݎݒ௪ሺ௜ାସሻ ൌ ہ͵ ൅ Ͳ െ ͳۂ ൌ ʹ, so that next refreshment point is at 
(i+6). The QoD between refreshment points are constants, but the data is still labelled with this QoD for the user.  
Medical practitioners involved in MG validated this QoD temporal abstraction technique by using data with a 
sampling frequency of 1Hz. For this case, we elicit the requirements for a minimum observation window in terms of 
seconds (e.g. 1 second, which corresponds to 1 sample if fs=1Hz). Data with lower sampling frequency requires a 
minimum observation window of 1 sample. Hence, if fs=0.01, the minimum observational window in time is 100 
seconds. 
4. QoD Management Techniques in MobiGuide 
The presented QoD management techniques have been implemented in a MobiGuide (MG) prototype. Here, we 
present an example of the implemented techniques for the monitored HR data by using a Zephyr BioHarness 3 (BH) 
sensor18. The BH sensor captures, processes and transmits a patient’s vital signs (e.g. ECG or HR) and associated 
QoS related information (e.g. ECG amplitude, ECG noise, battery level) with fs=1Hz. QoD Broker, which is the MG 
subsystem in charge of QoD management integrated in the patient mobile device17, acquires the QoS information 
and applies the presented QoD management techniques. First, it computes QoD dimensions grades (Section 3.1), 
then calculates the overall QoD (Section 3.2), and finalizes with the overall QoD temporal abstraction (Section 3.3). 
In Fig. 1 we illustrate the results obtained from the integrated QoD Broker within MG. At the top part of Fig. 1 we 
represent the monitored HR in beats per minute (bpm). At the bottom part of Fig. 1 we illustrate overall QoD of HR 
before the temporal abstraction (QoD) and after temporal abstraction (QoDout). 
Fig. 1 shows that when the HR increases due to higher activity, the sensor performance degrades (e.g. ECG noise 
level increase due to motion artefacts) affecting its QoD. As illustrated, when QoD is fluctuating between “Low” 
and “Very Low”, QoDout chooses the safest option – which is “Very Low”, preventing recommendations associated 
with “Low” which may be less safe than recommendations associated with “Very Low”. Besides, as expected, the 
temporal abstraction based QoD is more stable, as also illustrated in the zoomed section of Fig. 1. Thus, we prevent 
the CDSS, being the QoD user, from behaving nervously (e.g. providing alternating recommendations ‘slow down’, 
‘speed up’) due to QoD fluctuations. 
 
Fig. 1. Streaming HR and its overall QoD before (QoD) and after (QoDout) temporal abstraction  
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5. Conclusion  
ICT development is enabling ubiquitous access to data and the processing of large volumes of this data (i.e. big 
data). But Quality-of-Data (QoD) is not always guaranteed in such ICT applications and “poor” QoD can lead to 
erroneous decisions. Therefore, QoD is already identified in several studies as an important data feature2,3. This 
paper addresses QoD management techniques for healthcare systems, such as telemedicine systems based on 
Clinical Decision Support Systems (CDSS). These systems may require ‘real-time’ QoD computation to provide 
safe guidance to ambulatory patients. The presented techniques solve some of the challenges of managing QoD. 
Firstly, we need to establish all the appropriate QoD dimensions required for QoD management in telemedicine, 
considering that these dimensions should be sufficient, but do not overwhelm the user (either a system or a human 
being). Secondly, QoD dimensions’ valuation is performed. After computing the scalar values of the QoD 
dimensions (e.g. Accuracy= 75%) based on ICT resources quality of service, a stratification model for mapping 
scalar values into four possible QoD grades is performed. Furthermore, to facilitate the QoD information processing, 
we aggregate the QoD dimensions into one overall QoD by applying a max-min operation, which prioritizes the 
QoD dimension with the highest treatment impact. Hence, the adapted treatment guidance guarantees patient safety. 
Finally, we apply a temporal abstraction technique to prevent the QoD user (e.g. CDSS) from performing nervously 
due to QoD fluctuations so that firm and safe decisions are provided to, for example, the patient.     
We believe that this work is applicable in any data driven application, not only in healthcare but also in broader 
domains, so that the data used can be labeled as valuable or valueless information. This study focused on healthcare 
applications, especially targeting pervasive healthcare in which telemedicine systems are used and where patient 
data lacks the quality controls that can be provided in an intramural setting (e.g. hospitals). The medical practitioners 
involved in the system design support the necessity of QoD provision and management. Hence, the techniques 
presented have been implemented and validated in a pilot study conducted with a MG system prototype.  
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